This paper employs a fully nonparametric stochastic frontier model with time and individual effects to study technical efficiency in China's post-reform economy. The panel data cover China's thirty provinces for the period of 1985-2008. The empirical results show that the average output elasticity of labor is larger than the other two inputs of capital and human capital. Based on the specified inefficiency Tobit model, the factor analysis on technical efficiency shows that the time effects of technical efficiency in China's post-reform economy are significantly contingent on the factors. There exists significant regional differences in technical efficiency in China's economic development, and a number of policy implications can be drawn.
Introduction
The discussion on the sustainability of economic growth in China's post-reform economy has led to studies on China's productivity, using either growth accounting or stochastic frontier analysis (SFA) (Chen et al., 2009; Chen et al., 2008; Wu, 2000 Wu, , 2003 Wu, , 2004 Hu and Khan, 1997; Woo, 1998; Mao and Koo, 1997; Borenstein and Ostry, 1996; Yang and Lahr, 2010) . For example, the studies by Chow and Li (2002) and used investment figures to construct capital stock to estimate China's national total factor productivity (TFP) growth rates have been extended by Liu and Li (2006) and who incorporated the human capital variable and alternative investment data to examine both national and provincial TFP growth rates. Similar studies by Wang and Yao (2003) have examined the sources of China's economic growth, while Swamy (2003) , Motohashi (2007) and Bosworth and Collins (2008) have compared China's TFP with other world economies.
In studying the technical change in the United States, Solow (1957) differentiated the movement along the production function caused by input growth from shift in the production function caused by technical progress. Both Bauer (1990) and Kumbhakar and Lovell (2000) have shown that TFP growth composes of technical progress, technical efficiency change and a scale economies effect. In theory, technical progress is an outward shift of the production frontier and technical efficiency change shows the movement from a position within towards a position on the production frontier, while the scale economies effect reflects an increase in return to scale.
Other studies have elaborated and extended China's post-reform economic productivity to efficiency analysis by using the Malmquist productivity index (MPI) and data envelop analysis (DEA) (Wu, 1995 (Wu, , 2008 . The MPI that decomposes productivity into efficiency and technological change has also been applied in Ma et al. (2002) and Movshuk (2004) . Studies on the productivity and efficiency performance of individual industries in China have been conducted by Jefferson (1990) and Mu and Lee (2005) , while Yao et al. (2007) and Sun et al. (1999) agreed that SFA and DEA are the more effective approach to measure the technical efficiency of industries. The SFA used in studies on the China's economy have provided useful implications on the production 3 function and technical efficiency performance (Huang and Kalirajan, 1998; Kalirajan et al., 1996; Brummer et al., 2006; Hu and McAleer, 2005; Tong, 1999; Wu 2000 Wu , 2003 Fu, 2005) .
Nonetheless, studies on China's post-reform economy have provided a continued debate on whether technical progress or technical efficiency is the more important contributing factor to China's TFP growth (Wu, 2000; Li and Liu, 2011) . After more than three decades of economic reform since 1978, it would be useful to examine if technical efficiency has become an important factor in China's growth. In addition, an objective measure on the technical efficiency among China's provinces is crucial. Given the extraordinary nature, the heterogeneity of development in various regions and different time periods, a flexible stochastic frontier model can be used to study technical efficiency in the post-reform China's economy.
Empirical studies using the conventional stochastic frontier analysis on panel data models often implicitly impose a restriction that information differences have no effect on the way risk-neutral decision makers utilize the same input bundle (Christopher et al., 2010) . The result is that informational differences are mistaken for differences in technical efficiency. The two specific effects that reflect information differences are the individual effects and the time effects. They are usually specified in stochastic frontier models in the manner that individual effects are time-invariant and do not interact with time effects, often in linearity or in parametric forms. However, when the individuals in the sample differ in technology and efficiency with differenced information, especially when such heterogeneity changes with time, the linear or parametric specification cannot fully describe the heterogeneity in the production function and may induce a bias in the measurement of technical efficiency. Conventional methods (either DEA or SFA) attribute the model misspecification errors to inefficiency (Fu, 2005; Balaguer-Coll et al., 2007; Grösche, 2009; Joseph et al., 2010; Coelli, 1992, 1995; Kumbhakar and Lovell, 2000; Wu 2003) . Researchers have relaxed distributional assumptions in the error component and parametric assumptions in SFA to achieve a more reliable measurement of technical efficiency (Greene, 2005; Kneip and Simar, 1996; and Henderson and Simar, 2005) . 4 The data set used in this study contains the thirty provinces in China for the period from 1985 to 2008. One can note that China during the sample period has experienced a systemic transition with heterogeneity of provinces and development periods. The regional effects and time effects should be given sufficient attention in measuring the technical efficiency of the economy. This paper provides a time-variant estimation of technical efficiency in China's post-reform economy by specifying and estimating a fully nonparametric stochastic frontier model with nonparametric individual and time effects (Henderson and Simar, 2005) . A factor analysis on technical efficiency by using the Tobit regression will also be conducted.
Section 2 specifies the nonparametric model and presents the estimation method.
Data and variables specification are illustrated in Section 3. Section 4 presents the empirical results of the frontier model and the measurement of the technical efficiency.
Section 5 provides the specification test to show the suitability of the nonparametric model. Section 6 provides a factor analysis on the technical efficiency based on the Tobit estimation. Section 7 concludes the paper.
2．Fully Nonparametric Model Specification
The studies in Gong and Sickles (1992) and Christopher et al. (2010) show that the estimates of technical efficiency for the parametric panel data frontier model can be improved when the production function model is closer to the true underlying technology. In practice, the data generating process is unknown and so are the stochastic factors in the economic data. Hence a flexible model specification will give a more reliable result on frontier and efficiency estimates. In our sample period, production technology and efficiency in China has experienced uneven development among different provinces. A fully nonparametric stochastic model can thus give reliable technical efficiency estimates. We specify the nonparametric stochastic frontier model as follows: ( , , ) , 1, 2, , ; 1, 2, ,
where it y is the logarithm of real gross regional product (RGRP) for province i in year t ; it x is the vector of the logarithm of the three inputs: capital (K), labor (L) and human capital (HC); ( , , ) f x i t is the production function which is allowed to vary over each province and time period, and is nonparametric with input variables x , individual effects and time effects; it u is the error term independent of it x . As we know, human capital may have an impact on production through both direct and indirect channels (Barro and Sala-i-Martin, 1999; Benhabib and Spiegel, 2005; Vandenbussche et al., 2006) . Equally, the human capital embodied in the labor force can exert a direct and an indirect influence on aggregate production through technological innovation, imitation and adoption. Given that the impact channels are uncertain, it would be appropriate to allow human capital to enter the production function and interact with capital and labor inputs, individual and time effects in a nonparametric manner.
Model (1) can be estimated using the approach in Henderson and Simar (2005) .
Denote ( , , ) x i t  as the first derivative of ( , , ) f x i t with respect to x . By the Taylor expansion, 
The optimal bandwidth ( , , ) 
The parameter  , denoted as , can be estimated by the conventional within-estimator for panel data models with fixed effects. The technical efficiency for province i is defined as (Kneip and Simar, 1996) êxp )
where in a normalization form ˆi 
in the parametric case. We will apply specification tests only to the most suitable model in our empirical study.
Data and Variables
Despite the debate on the accuracy of macroeconomic data and the lack of a reliable alternative set of economic data in post-reform China, empirical studies have relied on reconstructed macroeconomic variables (Young, 2000; Rawski and Xiao, 2001; 8 Holz, 2006; Chow 2006) . 1 Other than accuracy, critics have noted a number of problems in China's macroeconomic data. One concern is the transformation from the Soviet material product system (MPS) to the system of national accounts (SNA) as the former does not value "non-market" and "non-materials" output and services and another concern is the deficiency in China's national account and statistical practice (Maddison and Wu, 2008; Wu, 2000 Wu, , 2003 . 2 Others have concentrated on the estimation of the capital stock series, and that such detailed measures as the scrap rate and depreciation rate of the same capital equipment at different years are absent (Wu, 2007; Holz, 2006) . A number of empirical studies agree that problems in the time series data may cancel out each other and that China's statistical reporting system and data reliability have improved over the years (Chow and Li, 2002; Szirmai et al., 2005) .
The data for China's thirty provinces and the construction of key variables used in this paper are elaborated in the Appendix. (Jefferson et al., 1996; Wu, 1995 Wu, , 2008 . One reliable method shown in Chow and Li (2002) and is Chow's (1993) Human capital has been considered as an endogenous growth variable (Romer, 1990; Tamura, 2002 Tamura, , 2006 Turner et al., 2008) . Similarly, there have been alternative methods in constructing human capital (Gemmell, 1996; Zhang et al., 2005; Chi, 2008) .
The inventory approach used in Wang and Yao (2003) . Li et al. (2009, Table 3 ) reports that the estimation on China's human capital by the inventory method is similar to the estimation in Barro and Lee (2001) , whose 10 study has shown that China's human capital is lower than that of other Asian economies.
In order to eliminate the size effect of the provinces that may affect the measure of technical efficiency, we include in the denominator of each province's real gross regional product (RGRP), physical capital stock and labor inputs the province's total population. Kneip and Simar (1996) and Henderson and Simar (2005) have also made such an adjustment in their frontier models to measure technical efficiency. Table 1 provides the simple statistics for the data of the four variables. The coefficients of variation in the last column of Table 1 show that RGRP and physical capital stock have much larger degrees of variation than the other two variables in our sample. 
Estimation Results
In order to provide a comparison with the estimation of the nonparametric specification indicated in Model (1), we also specify two other restricted versions with time-invariant specification, namely, the semiparametric Model (6) and the parametric Model (7). All the variables are expressed in logarithms. The variables are adjusted for the time trend effect in the two restricted models, but not in the nonparametric Model (1) because the time effect has already been picked up by the categorical variable. This time-effect adjustment for dependent and independent variables in the time-invariant models is also used in Kneip and Simar (1996) and Henderson and Simar (2005) . The 12 technical efficiency for the two restricted versions is calculated from Model (8).
In the nonparametric estimation of Model (1) and Model (6), we select the fourth-order Gaussian kernel function
alleviate the curse of dimensionality since the dimension of the input variables is three.
By using the least squares cross validation (LSCV) approach shown in (4), the optimal bandwidths of the three continuous input variables are 0.492, 0.072 and 0.217, and the optimal bandwidths of categorical variable i and ordered categorical variable t are 0.153 and 1.035, respectively, for the estimation of Model (1).
3 The LSCV optimal bandwidths of the three continuous input variables for the local linear nonparametric estimation of the semiparametric Model (6) are 0.051, 0.046 and 0.041. 4 We use R 2 , the squared correlation coefficient between the dependent variable and the fitted value, to measure the goodness-of-fit for the estimated model. The R 2 values for the estimation of the three models are shown in the last column of Table 2 , and the values given by parametric and semiparametric models are 0.38 and 0.48, respectively.
The nonparametric estimation gives a large goodness-of-fit measure with R 2 = 0.98. Table 2 shows the sample average of the output elasticity estimates of the three inputs in the three specification models and their corresponding bootstrapped standard errors. In the parametric and semiparametric models, the coefficient estimates of capital and labor are positive and significant, while the coefficient estimates of human capital, though insignificant, are negative and unexpected. However, the elasticity estimates of the three inputs in the nonparametric model are positive and significant, which can provide expected and meaningful economic explanation. When compared to other studies, for example, by Young (2003) and Li (2009) who do not estimate the output elasticity of inputs by using per capita output and inputs, our finding shown in Table 2 is that the output elasticity of labor, instead of the elasticity of capital, is the largest of the three inputs. (7) and semiparametric Model (6) using formula (8),
while the average time-variant technical efficiency results are calculated according to the nonparametric Model (1) using formula (5). Table 3 shows a large discrepancy in the ranking of provinces between the semiparametric and parametric models for a majority of provinces. Only the three provinces of Beijing, Heilongjiang and Jiangxi are ranked in almost the same order between the two estimates. Such a result, along with the weak goodness of fit and the meaningless and insignificant coefficient estimates of human capital, suggests that the time-invariant assumption shown by the linear parametric and semiparametric models may be incorrect. The less restrictive nonparametric time-variant model can correctly be used to calculate the time-variant technical efficiency. Indeed, many of the rankings in the nonparametric model differ significantly from those in the parametric and semiparametric models. 
Model Specification Test and Discussion
The semiparametric Model (6) and the linear parametric Model (7) assume time-invariant specifications in the estimation of technical efficiency, while the nonparametric Model (1) allows a flexible production specification with time-variant production technology. We have shown that the efficiency rankings among provinces in China differ greatly in the different approaches used to measure technical efficiency, and that the nonparametric specification is most suited to our sample. For a rigid analysis one needs to present a specification test whether this is acceptable or not.
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This section presents two tests for model specification. The first test is to choose between (6) and (7). The null hypothesis is linear parametric Model (7) and the alternative is semiparametric Model (6). The second test is to choose between (1) and (6). The null hypothesis is semiparametric Model (6) and the alternative is nonparametric Model (1). We apply the test approach in Henderson et al. (2008) (6) and (1) It would be interesting to compare the technical efficiency estimate from the nonparametric Model (1) and the technical efficiency measure from the data envelope analysis (DEA) approach though the two types of models are not nested since DEA is deterministic and does not allow for noise. The last column in Table 3 provides the TE scores and rankings based on the DEA approach. There also exists a large difference between the two kinds of score rankings. The DEA is essentially a descriptive tool that allows the analysis of the observed technology with deterministic but nonparametric frontiers where no statistical noise or random disturbance for the data is allowed (Kneip and Simar, 1996; Monchuk et al, 2010) . However, neither output elasticity of the inputs 18 nor inference is available from DEA. In this study we use the customary two-stage procedure for the factor analysis of efficiency (Chilingerian, 1995; Kirjavainen and Loikkanen, 1998 First, inequality in the development between urban and rural areas and the urbanization level within a province in China are two important factors which can influence efficiency. China is committed to a long-term plan of building a moderately well off society for all citizens. This necessarily requires a coordinated development between urban and rural areas, a break down in the city-country dualistic structure, and a reallocation of surplus rural labor. The urban-rural inequality is expected to induce inefficiency and the urbanization is expected to reduce inefficiency. We use the income ratio of urban-rural household (URD, denoted as z 1 ) as the proxy variable for the urban-rural inequality. The urbanization (URBANIZE, denoted as z 2 ) is approximated by the percentage of the urban population in the total population of the province.
8
Second, the extent of privatization that serves as a reform engine in the transition from a planned to a market economy in post-reform China could enhance flexibility in economic development. 9 In our study privatization is represented by the ratio of employed persons in non-state-owned units to the total employed (REFORM, denoted as z 3 ). The effect of REFORM on efficiency will be tested in our study.
Third, the factors related to openness in an economy are thought to affect efficiency (Wei et al., 2001) . Two kinds of important factors on openness are international trade and foreign direct investment (FDI) (Li and Zhou, 2010) . The ratio of trade (sum of import and export) to gross regional product (TRADE/GRP, denoted as z 4 ) serves as a proxy for international trade. The ratio of FDI in fixed assets (including the funds from Hong Kong, Macao and Taiwan) to gross regional product (FDI/GRP, denoted as z 5 ) is used as a proxy for foreign direct investment. Although openness in an economy is thought to affect efficiency, there is no clear confirmation of the hypothesis that countries with an external orientation benefit from greater efficiency (Iyer et al., 2008) .
We also test the effect of openness on efficiency in China's economy.
Fourth, the greater provision of infrastructure is expected to enhance technical efficiency. Since available data on transportation reflects the extent of infrastructure provision in China's national economy, we use the geometric average of the length of railway in operation and the length of highways per squared kilometer in a province's land area (INFRAS, denoted as z 6 ) as a proxy variable for infrastructure. 10 Inadequate transportation systems would hinder the movement of coal to the users, the transportation of agricultural and light industrial products from rural areas and factories to urban areas, and the delivery of imports and exports. Therefore, underdevelopment in 8 Due to data limitation, URD is regarded as a proxy variable for the urban-rural inequality. This proxy variable may favor Beijing, Shanghai and other city provinces as they have a larger proportion of urban population than other non-city provinces. To deal with this discontentedness, we introduce URBANIZE as a control variable to partial out the effect of the urban-rural inequality on technical efficiency. We would like to thank the anonymous referee for this comment. 9 Whether or not privatization has increased technical efficiency in developing countries has been debated in Okten and Arin (2006) . 10 Wu (2000 10 Wu ( , 2003 also specified a similar proxy.
21
the transportation system can constrain the pace of economic development.
Fifth, in contrast to FDI which reflects foreign investments, domestic investment in a region should affect the performance and efficiency of the local economy. We illustrate the domestic investment by the proportion of domestic fixed assets investment to gross regional product (INV/GRP, denoted as z 7 ).
Finally, the geographic factor may affect technical efficiency. Historically, there has been serious unevenness in regional development in China (Huang et al., 2003) . The geographic factor includes the between-region inequality in development and other observable regional heterogeneities. For example, in post-reform China, the coastal areas had already become more developed than the interior areas. We define 4 geographic dummy variables: In the regression, the Northeastern region is taken as the baseline region. The Tobit model for technical inefficiency is specified as 
 . The Tobit model can be estimated by the maximum likelihood method (Amemiya, 1984; Wooldridge, 2002) . Since the data for Tibet and some of the factors prior to 1990 are not available, the sub-sample used for the Tobit estimation excludes
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Tibet and covers the period 1990-2008. A total of 31.2 percent of observations in this sample has attained technical efficiency. Table 4 reports the maximum likelihood estimation results of the Tobit model when the error term is distributed as a normal distribution 11 . The marginal effect of each factor on technical efficiency is equal to the corresponding coefficient estimate times the ratio of inefficiency (Wooldridge, 2002) . In our sample, the ratio is 100-31.2=68.8%. The coefficient estimate of the time variable t is negative but insignificant, which shows that the technical efficiency generally increases with time, albeit statistically insignificant.
However, whether or not the time effects of technical efficiency in China's post-reform economy are positive depends also on the interaction terms of the seven factors with the time variable t. Although only two of the seven coefficient estimates of the interaction terms are significant at the 5 percent level (or four coefficient estimates are significant at the 10 percent level), the joint test for all the seven coefficients equal to zero is significant, as shown in Table 5 : Row 1. This implies that the time effects on technical efficiency are jointly and significantly related with the seven factors. Table 5 also presents some other joint tests for the coefficients of time variable and their interaction with the other factors Except the effect of REFORM, the estimates of the effects of all other factors on technical efficiency with time are jointly significant in the usual significant level, as shown in Rows 3 to 10 in Table 5 . The last column in Table 5 presents the implication for each factor analysis of TE.
Rows 1 and 2 in Table 5 show that the time effect of TE is jointly significantly contingent on the seven factors, though the coefficient estimates of URD, URBANIZE and REFORM are marginally significant at the 10 percent or 15 percent significant level, as shown in Table 4 . The China's economy has been experiencing a transition from the original planned economy to a market economy with particular characteristics. The technical efficiency path in economic growth should be significantly determined by a mixture of miscellaneous factors. Our finding on the time effect of TE among China's provinces is consistent with this fact.
11 The Tobit model is also estimated when the error term is specified as a logistic or extreme value distribution, each of which gives the same explanation as in Table 4 .
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The urban-rural inequality (URD) has a significant but negative effect on TE since 0.0453+0.0043t is always positive, as shown Row 3 in Table 5 . This shows that a decrease in income difference between rural and urban areas within a province can enhance efficiency improvement.
12 It can also be seen that URBANIZE is beneficial to the improvement of TE since 25 the estimated effect of urbanization on inefficiency is negative (-0.1832+0.0018t < 0).
This positive effect of urbanization on technical efficiency is statistically significant (the probability value of the joint test is very small, shown in Row 4 of Table 5 ). Although the effect decreases with time, it is both economically and statistically insignificant since the coefficient estimate of "URBANIZE × t" is small and statistically insignificant (see Table 4 ). The neoclassical analysis would argue that urbanization enhances efficiency in two ways. On the one hand, people migrate to cities and obtain better employment or wages, and hence higher savings, which in turn is converted into productive investment capital and the technical efficiency can then be improved. On the other hand, higher incomes also lead to changes in the composition of demand from agricultural to manufactured goods. The demand of manufactured goods increases technology and productivity growth.
As shown in Row 5 in Table 5 , the REFORM factor shows a positive, albeit insignificant, effect on technical efficiency. The REFORM factor is beneficial to TE improvement (-0.2522+0.0074t < 0), but the effect on TE will finally become negative with the development of privatization (when t>34, -0.2522+0.0074t >0). Although the effect of privatization on efficiency is ambiguous in both theoretic and empirical literatures (Okten and Arin, 2006) , it is positive in our estimation. In China, privatization has emancipated the productive forces which have been fettered by the planned economy for a long time. Privatization can induce competition and enhance productivity that eventually can contribute to efficiency improvement. However, even though the effect is large, it is not statistically significant in our estimation since the p-value of the test is 0.2235.
Trade and foreign investment can give rise to either positive or negative efficiency (Loungani and Razin, 2001) . Our estimates and tests in Rows 6 and 7 of Table 5 show that in the early development stage TRADE/GRP has a negative and significant effect on efficiency (0.1982-0.018t>0 when t<12), while FDI/GRP has a positive and significant effect (-1.4807+0.0988t<0 when t<15). In the later development stage, the effects will drive off in the reverse direction. One can see from Table 4 that the time effects of the two influences from the two variables are significant at 1 percent level and 26 10 percent level, respectively. This may be due to two reasons. One is the problem of endogeneity in the measurement of openness with the ratio of trade to GRP in the growth literature. The other is that trade has been overemphasized in the economic transition, while efficiency has artificially been ignored somewhat in China. For the China's economy to sustain a high-speed economic development, reform will have to become a long-term policy, whereas international trade can be adjusted to suit for growth and efficiency. Foreign direct investment can have an indirect effect on the domestic economy via positive spillovers and competition (Blomstrom and Persson, 1983) . Our finding implies that, even though FDI have an important and positive effect on TE in the China's economy, it should be further encouraged to neutralize the downward trend of the effect.
The provision of infrastructure has a negative and significant effect on technical efficiency (1.5733-0.005t>0), which implies that regional inequality in infrastructure development in China has hindered improvement in technical efficiency. Although this is inconsistent with the expectation about the positive effect of infrastructure on TE, it is the regional bottleneck that constrains economic growth in China. To keep a balanced growth among different regions, China should expand development in the underdeveloped regions, especially the underprivileged regions in her western provinces.
As regards to the domestic investment factor, our finding shows that it is only when 18 t  that the effect of domestic investment on technical efficiency will be positive (0.5566-0.0315t < 0). Thus, domestic investment is not beneficial to the improvement of TE in the early stage of development (t<18). However, the time effect of the negative marginal influence will significantly decrease with time (-0.0315<0). As we have found, the effect of FDI on TE is contrary to the effect of domestic investment. The two kinds of investment have direct and significant effects on TE for capital accumulation of the local economy, but the direction of their effects is opposite to each other.
Finally, the result of Row 10 in Table 5 Figure 3 , the ranking of technical efficiency for the four regions in China's economy is: East > South > Northeast > West.
Conclusion
This study uses a flexible stochastic production function to estimate technical efficiency in China's post-reform economy. A fully nonparametric time-variant stochastic frontier model has been specified to allow for province effects and time effects to enter the production function with other inputs in a nonparametric way. The The empirical findings in this paper have improved the discussion on China's productivity analysis, echoed on such recent discussions as regional inequality, disparity in growth inputs and human capital development in China's post-reform economic development (Wu, 2008; Li and Liu, 2011; Chang, 2002; Fleisher and Zhao, 2010; Liu and Li, 2006; Chi, 2008; Li et al., 2009 
